Introduction
Driving involves a complex sequence of tasks that are influenced by both external environmental conditions and internal feedback loops. Dynamic changes in the driving environment require that the driver responds to these changes. However, current responses are conditioned by prior ones. That is, each time the driver samples the environment, the new response will depend on the driver's previous response. These time-dependent feedback loops are a central feature of human behaviour, but a feature that has often been neglected by researchers because of the experimental and statistical complexity it demands. Even though researchers in statistics widely recognize time-dependent covariates (Faucett et al. 1998 , Van Der Laan and Robins 1998 , Grilli 2005 , only a few human factors and transportation research studies, such as Breckenridge and Dodd (1991) and Bittner et al. (1997) include such analysis.
To capture the time dependency of the interrelated tasks involved in driving, it is necessary to go beyond the traditional psychology experiments that tend to investigate cognitive processes in isolation (Brehmer 2005) . Experimental strategies that engage drivers in complex tasks, such as on-road and driving simulator experiments, allow for the interplay between multiple cognitive processes. For example, maintaining lateral and longitudinal positions on the road demands concurrent acceleration and steering control. The presence of oncoming traffic can increase complexity and influence a driver's ability to maintain the necessary longitudinal control. A specific consequence is that, in addition to the time dependencies, dependent measures will also have interrelations when they are viewed at a cross section in time. Concentrating on only one dependent measure can potentially discount many other correlated factors. Therefore, the interrelationships due to the complexity and dynamic nature of the environment and cognitive processes merit consideration.
Because driving experiments closely replicate driving behaviour, they generate interrelated covariates. Such covariates come in two types: fixed over time; and time dependent. For example, baseline measurements, which are subject-specific, can be treated as covariates that are fixed over time. Studies investigating alcohol, fatigue, workload and distraction effects on driver state typically use physiological responses, such as electroencephalogram, electrocardiogram and galvanic skin response (Brookhuis 1998 , Collet et al. 2003 . These physiological responses require a baseline measurement, which remains unchanged or fixed over the time of the experiment. This measure is then used as a covariate to observe changes over the different treatment groups. Time-dependent covariates, on the other hand, change each time a measurement is taken on a response variable. These covariates may be purely environmental factors, such as changing visibility or traffic congestion, or can reflect the driver's previous response. Ignoring the time-dependency can result in misleading parameter estimates and erroneous conclusions. This study demonstrates that ignoring time dependency between responses can affect both the results and conclusions.
It can be quite challenging to develop a study to understand the factors affecting drivers' behaviour. If the study is too simplistic, it could be argued that the study does not adequately emulate a driving environment; if it is too complicated, there may not be enough control over the independent variables to discern meaningful results (Chapanis 1988 , Liu et al. 1999 . Simulator experiments lie on a continuum of complexity between traditional psychology experiments and naturalistic on-road studies. Driving simulators provide a quasi-controlled venue that engages multiple cognitive processes such that the output of these interacting processes can be studied. Driving simulators are widely used in human factors and transportation research to explore issues in driving behaviour, in part because of this capability. For example, driving simulators have been used to assess driving performance given medical impairments (Findley et al. 1989 , Rizzo et al. 2001 , age effects (Brouwer et al. 1991 , Syzlek et al. 1995 and the use of new transportation systems ranging from roadway infrastructure to in-vehicle systems (Stanton et al. 2001, Boyle and Mannering 2004) . All of these applications balance the need for realistic complexity and control. Time-dependent covariates help quantify the behaviour that occurs in these situations.
The effects of time-dependent covariates are demonstrated with a driving simulator study that was initially conducted to assess the effects of distractions, as well as of different feedback mechanisms to mitigate these effects (Donmez et al. 2006) . The following section contains a description of the driving simulator experiment, the response variable (accelerator release time) and the time-dependent covariate (inverse headway distance). The results of the analysis with and without the time-dependent covariate are then presented, followed by a discussion of the implications of these findings.
Method
Driving simulator experiments generate time-dependent covariates, such as vehicle headway distances, that are different for each lead vehicle braking event. Within each condition, there usually are several braking events, thus warranting the need for time-dependent covariates.
The data analysed in this study are from a driving simulator experiment that is representative of other studies done in this area (Lee et al. 2001 , Jamson et al. 2004 and that was conducted in part to assess the effects of driver distractions and different strategies to help mitigate them. For a complete description of the experiment, see Donmez et al. (2006) .
Participants
A total of 16 middle-aged (range: 35 to 55; X ¼ 45, s: 17.1) and 12 older drivers (range: 65 to 75; X ¼ 69, s: 11.3) completed the study.
Apparatus
The experiment was conducted with a medium-fidelity, fixed-based simulator powered by the DriveSafety TM Research Simulator (GlobalSim, Inc.), a fully integrated, high-performance driving simulation system designed for use in ground vehicle research and training applications.
Experimental design
The experiment was a 2 Â 7 repeated measure design with age as a between-subject variable (two levels), and strategy as a within-subject variable (seven levels). Strategy included seven levels: no-distraction, auditory distraction, visual distraction and four different feedback types. In the visual and auditory distraction conditions, the participants were engaged in distracting activities that required them to direct visual attention away from the roadway or to listen to auditory messages, respectively. For the no-distraction condition, participants drove without distractions. For the feedback conditions, participants received feedback based on roadway events. The four different feedback types were auditory-advising, auditory-locking, visual-advising and visual-locking. The results regarding the feedback effects are presented in detail in Donmez et al. (2006) .
Response variable: accelerator release time
The participants were asked to follow a lead vehicle that braked periodically. This is a common test scenario used in driving simulator experiments, with a key performance measure being brake response time (Lee et al. 2001 , Jamson et al. 2004 . Brake response time is defined as the time from the lead vehicle braking to the release of the accelerator, and the transition time from the accelerator to the brake. The period between the lead vehicle braking and when the driver releases the accelerator is the accelerator release time, which is used as the response variable in this study. Compared to other measures, accelerator release time is a more direct measure of initial reaction because the reactions that follow accelerator release, such as transition time from the accelerator to brake pedal, are dependent on this initial reaction. Accelerator release time is influenced by the vehicle headway distance and the magnitude of cues, such as the rate of change in the visual angle (defined below), thus defining a critical driver feedback loop. It is therefore important to recognize that driving is a closed-loop response (figure 1). That is, each response from the driver creates a new driving situation to which the driver has to react.
Time dependent covariate: inverse headway distance
In a truly controlled experiment, velocities of, and the distance between the vehicles would be controlled. However, such a high level of control results in a very artificial setting that fundamentally changes the driver's role by removing the speed maintenance task. In order to generate a realistic scenario that maintains a degree of experimental control, researchers generally prefer to force a constant headway time to the vehicle ahead. This ensures that repeated braking events are similar in at least one respect. The approach still does not allow for complete control, as participant speed determines the distance between vehicles. As a result, even though the experimenters precisely control the time headway of the lead vehicle at the start of the braking event, the situation can be different for every repetition and can affect the response.
In this simulator experiment, the lead vehicle speed was smoothly adjusted to maintain a constant headway time of 1.8 seconds before all lead vehicle braking events; headway distance could thus vary depending on a driver's speed. Headway distance is therefore a dependent variable but it can also be considered as a covariate, since it may affect the braking response. Inverse headway distance (i.e. the reciprocal of the headway distance) at the onset of the lead vehicle braking was used as a covariate because this variable defines the visual angle when the lead vehicle brakes (figure 2). A critical cue that guides braking is the rate of expansion of the visual angle of the lead vehicle, which is a function of vehicle size, distance and relative velocity (Lee 1976) . In this experiment, the height was constant since there was only one lead vehicle and only the headway distance varied. Moreover, for small angles, the tangent of the angle can be approximated as the value of the angle itself. Therefore, inverse headway distance could be used as the covariate replacing visual angle. Smaller inverse headway distance, i.e. longer distance between vehicles, will result in a smaller visual angle and in a less salient braking event.
Data analysis
Two analyses of accelerator release time were performed. In the first analysis, the inverse headway distance, the time-dependent variable, was ignored. The second analysis included the inverse headway distance as a covariate. The time-dependent covariate analysis was based on a model defined by Rao (1995) , which is a special case of a general mixed linear model for repeated measures design (Khattree and Naik 1999) . The analyses were conducted using standard general linear mixed modelling techniques and PROC MIXED in SAS 9.1 (SAS Institute, Cary, NC, USA). When there were missing covariate values at any time for a particular subject, the corresponding value of the dependent variable was also discarded (Khattree and Naik 1999) . For repeated measures, a compound symmetry covariance structure was chosen based on Schwarz Bayesian Criterion (Schwarz 1978) . F tests on main and interaction effects and pair-wise comparisons between the levels of significant main and interaction terms were performed.
Results
Generally, the results show that without considering the covariate, distractions appear to improve driver performance, whereas when the covariate is included distractions have detrimental effects. 
Driving simulator studies
Without the covariate, strategy had a significant effect on accelerator release time analysis, as shown in table 1. The plot of the three levels of this effect would suggest that distractions may result in faster accelerator release and therefore in better driving performance (figure 3). The results indeed showed that auditory distractions generate a faster response than the non-distracted condition (auditory distraction vs. no distraction: t(138) ¼ À2.08, p < 0.05, mean difference À0.328 seconds (95% CI À0.640, À0.017); visual distraction vs. no distraction: t(138) ¼ À0.23, p > 0.05, À0.232 seconds (CI À0.545, 0.082)). However, these results conflict with welldocumented results that show that distractions degrade driving performance (Brown et al. 1969 , Alm and Nilsson 1995 , Cooper and Zheng 2002 , Lam 2002 .
Based on the feedback loop between accelerator release time and the strength of the stimulus provided to the driver, as measured by inverse headway distance at the onset of the lead vehicle braking, the relationship between distractions and inverse headway distance was explored. The analysis showed a significant difference for inverse headway, indicating that this may have been a confounding variable and thus it may provide a possible explanation for the counterintuitive trend in the accelerator release time data. The results show that strategy had .003)). When inverse headway distance is added to the model as a covariate, the trend in the results is quite different than when the covariate was ignored (figure 5). The covariate had a negative coefficient estimate (t(144) ¼ À2.50, p < 0.05, estimate: À62.7); therefore, accelerator release time and inverse headway distance are inversely related. That is, a long headway is associated with a long accelerator release time. As expected, visual distractions resulted in longer accelerator release times when the covariate was taken into account (visual distraction vs. no distraction: t(138) ¼ 2.16, p < 0.05, 0.286 seconds (CI 0.025, 0.547)) and auditory distractions did not have 
Discussion
The complexity of the driving environment requires the driver to respond to multiple inputs over time. These inputs include approaching curves, speed limits, lead vehicles, oncoming traffic, etc. In addition to requiring the driver to respond to multiple inputs, the driving task at any given time is also a closed loop response. That is, the driver's response changes the road environment and this information is available to the driver as feedback that influences subsequent responses. The multiple inputs associated with the driving task, as well as its closed loop nature, results in dependent measures that are interrelated. These dependencies should be considered in the analysis of driving data.
The interdependencies between measures can be accounted for with timedependent covariates. Neglecting these covariates may lead to inappropriate conclusions, which may in turn lead to improper design guidelines and policies. This paper provides a case study in which the results from a driving simulator study dramatically change with the inclusion of a time-dependent covariate. When the covariate is not included, results show that distractions enhance driver performance by generating short accelerator release times in response to a lead vehicle braking event. The experiment was set up to control for the time headway. This then led drivers to compensate for the distraction by reducing their speed, resulting in a closer lead vehicle and a more salient braking event. This salience resulted in a fast accelerator release. When the analysis included a time-dependent covariate describing this phenomenon, results suggest that distractions undermine driving safety, which is also supported by the literature (Haigney and Westerman 2001, Horrey and Wickens 2006) .
There are other ways to look at covariate effects. For example, simple correlations that account for lags between different dependent variables can help visualize the time dependencies between these variables. The interrelations between multiple dependent variables can also be handled with multivariate analysis techniques, such as discriminant analysis or structural equations (Milliken and Johnson 1992, Judd et al. 1996) . However, each of these techniques has different disadvantages. Simple correlations cannot account for the structure of the experimental design and one is more prone to include irrelevant variables in multivariate analyses, thus making the results harder to interpret. This paper demonstrated the use of time-dependent covariates for a repeated measures design. This type of experimental design is very common in transportationrelated research because collecting data for multiple conditions from one subject requires less effort than recruiting one subject for each of these treatments. Another advantage is the reduction in error variance for within-subject effects. However, the time-dependent covariates can also be included in other types of experimental design. This paper concentrated on driving simulator studies in transportation research. However, these issues also affect on-road transportation studies that employ instrumented vehicles in which more naturalistic data are collected (Reed and Green 1999, Boyce and Geller 2002) . In particular, the time-dependent covariates are highly relevant in on-road studies, given the fact that there is typically less control in such studies than in simulator studies. More generally, as researchers consider the interplay of multiple psychological processes in describing complex adaptive behaviour, the need to consider time-dependent covariates will grow (Ehret et al. 2000 , Brehmer 2005 ).
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